Abstract-In semiconductor manufacturing, metrology is generally a high cost nonvalue-added operation that significantly impacts on cycle time. As such, reducing wafer metrology continues to be a major target in semiconductor manufacturing efficiency initiatives. A novel data-driven spatial dynamic sampling methodology is presented that minimizes the number of sites that need to be measured across a wafer surface while maintaining an acceptable level of wafer profile reconstruction accuracy. The methodology is based on analyzing historical metrology data using forward selection component analysis (FSCA) to determine, from a set of candidate wafer sites, the minimum set of sites that need to be monitored in order to reconstruct the full wafer profile using statistical regression techniques. Dynamic sampling is then implemented by clustering unmeasured sites in accordance with their similarity to the FSCA selected sites and temporally selecting a different sample from each cluster. In this way, the risk of not detecting previously unseen process behavior is mitigated. We demonstrate the efficacy of the proposed methodology using both simulation studies and metrology data from a semiconductor manufacturing process.
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I. INTRODUCTION

M
ETROLOGY is a critical activity in industry [21] , [23] and, in particular, in semiconductor manufacturing [13] , [27] , where it is increasingly becoming the focus of attention as feature sizes continue to shrink and wafer diameters increase from the current industrial standards of 200 and 300 to 450 mm [11] . In chemical vapor deposition, for example, the feature of interest is the depth of the layer/film of material deposited on the wafer [22] , while in plasma etching, it is the dimensions (depth and width) of the trenches etched into the wafer surface [18] . The spatial variation of these features over the full wafer, defined as the wafer profile, and their wafer-to-wafer (temporal) variation need to be tightly controlled to meet the demanding specifications of current and next generation semiconductor devices. This is achieved using advanced process control (APC), typically run-to-run control, with metrology employed in one of two contexts: as a feedback control signal to adapt the operation of the current process for the next wafer and/or as a feedforward control signal to enable the next process to compensate for the deviations introduced by the current process.
Ideally, each wafer should be measured at a large number of locations to provide detailed performance information for APC, and also for predictive maintenance and product quality assessment activities [10] , [25] , [26] , [29] . In practice, such extensive metrology is not feasible due to the impact on cycle time and the high cost of the precision metrology technologies needed [24] . Consequently, standard practice is to undertake limited sampling both temporally [9] and spatially [1] , [4] , [22] and to rely on the information this provides for process monitoring and control.
A key consideration is how to determine the number and location of measurement sites. Initial measurement plans are usually determined by process engineers based on a priori knowledge of wafer spatial variability patterns for a given process, or by employing space filling sampling designs such as Latin hypercube sampling [12] . Additional sites are then added during ramp-up and production to monitor new process issues as they arise. Typically, the spatial correlation structure of wafer variability is not explicitly taken into account in these approaches with the result that substantial redundancy can arise within measurement plans. Furthermore, the level of redundancy can increase over time as processes mature and process issues are engineered out.
In recent years, there has been increasing interest in developing data-driven wafer measurement plan optimization methodologies that can take account of spatial correlation to further reduce the number of sites that need to be measured. Vincent et al. [25] developed a methodology based on principal component analysis (PCA) modeling and minimumvariance estimation. They considered both within wafer spatial patterns and temporal correlation patterns in their formulation, but concluded that only spatial patterns were present in the practical litho-etch process case study they used to validate their approach.
Borgoni et al. [2] proposed a simulated annealing and spatial prediction strategy to optimize the selection of a reduced set of sites from a larger candidate grid for a silicon oxide deposition process.
Zeng [28] addresses the issue of optimal site selection for monitoring and wafer map interpolation of electrical metrology data in the context of developing effective fault detection and classification (FDC) schemes. Four approaches are investigated. Two are supervised selection techniques where sites are sequentially selected based on their utility as inputs for specified wafer classification tasks, and two are unsupervised techniques where the objective is to identify a subset of sites that best represent the remaining sites. Here, supervised refers to approaches that employ both input and target output data (also known as labeled data) to guide the learning process, while unsupervised refers to approaches that learn based on input data only (also known as unlabeled data). The first of the unsupervised approaches is a two-stage methodology where candidate sites are initially clustered using k-means clustering and then a PCA-based within-cluster site selection technique employed to select a subset of sites from within each cluster. The second approach involves estimating a bootstrapped forward selection partial least square model with measured sites as input and unmeasured sites as outputs to be predicted. Zeng [28] concludes that the two-stage clustering/PCA methodology yields the best FDC performance.
In [7] , a Gaussian process (GP) model-based sequential measurement strategy is developed where, for each wafer, an initial set of sites is measured and used to estimate a GP model, which then guides the selection of additional measurements sites to update the GP model until its prediction error on test sites is within an acceptable level. The distinguishing characteristic of this approach is that it does not require historical data for model building; however, the number and location of measurement sites change from wafer to wafer, and the need for an initial set of measurements for inline model estimation means that it is not suited to low measurement density scenarios.
Prakash et al. [15] introduced a methodology for optimum wafer site selection for wafer sampling plan design based on forward selection component analysis (FSCA) [16] , [17] , an unsupervised extension of forward selection regression that determines the contribution that individual sites make to the variability observed in a process across a set of candidate wafer sites. In addition to eliminating redundancy, the methodology provides for accurate wafer profile reconstruction through the use of statistical regression models to predict unmeasured sites.
One of the concerns when using a reduced sampling plan is that there is risk of not detecting previously unseen abnormal process behavior. Here we extend our previous work in [15] to address this concern by developing a novel dynamic spatial sampling methodology that improves wafer coverage temporally with minimal information loss in terms of the ability to reconstruct the full wafer profile with the optimally selected FSCA sites. This paper also provides, for the first time, a complete description of the underpinning FSCA-based site selection and wafer profile reconstruction methodology.
The remainder of this paper is organized as follows. The FSCA-based site selection methodology is introduced in Section II. The dynamic sampling framework is then developed in Section III. Using metrology data from a semiconductor manufacturing case study, and two simulated data sets (described in Section IV), we demonstrate the efficacy of the overall methodology in Section V. Finally, conclusions are presented in Section VI.
II. FSCA METHODOLOGY
Let X ∈ R N×V be a matrix of historical metrology data for a given process, where N is the number of samples (wafers measured), V is the number of candidate sites (measurement locations) on each wafer, and N > V . Thus, x j i denotes the feature measurement taken at site i on the j th wafer (e.g., etch depth or film thickness) and column vector x i ∈ R N×1 is a vector of measurements taken at site i for all N wafers in the data set. We are interested in determining the minimum set of sites from candidate set I = {1, 2, . . . , V } to measure in order to capture the information contained in all sites. In terms of the data matrix X, we can define this problem as searching for the subset of columns of X that best represent the information contained in all columns of X.
Classical PCA [8] can be used to check for redundancy in the measurements (with respect to observing process driven wafer surface variability) and to establish a lower bound φ PCA on the number of measurement sites needed [15] . If φ PCA V significant redundancy exists, in which case it may be possible to select a reduced set of sites that yield similar levels of process visibility.
However, PCA does not tell us what sites to measure since each PCA loading (latent variable) is a linear combination of all candidates' sites, and in general, the contribution of individual sites does not reveal which sites are most important. In particular, identification of key sites is difficult if they are part of a highly correlated group, as their contribution to a loading will be distributed evenly across the group.
A. FSCA Wafer Site Selection
As introduced in [15] , FSCA provides a solution to this problem by sequentially searching for individual sites that make the greatest contribution in terms of explaining the process variability observed across all sites. FSCA is essentially the unsupervised equivalent to forward selection regression [17] , a well-established technique for variable selection [5] , [6] . It employs an iterative procedure consisting of the following steps. 1) Initialization: Set index set I FSC = {}, iteration count k = 1, and X 1 = X −X, whereX is as defined in (14), i.e., X 1 = mean centered X.
2) Search: Identify the index of the variable with maximum contribution to X k and add it to I FSC . This is computed as
where x i is the i th column of X k , ||.|| F is the Frobenius norm and X k ( x i ) is the estimate of X k obtained by regressing on x i , that is,
Vector x i * is defined as a forward selection component (FSC) and i * is the index of the selected wafer site. 3) Deflation: Remove the contribution of x i * from X k
4) Repeat: While the cumulative variance explained (CVE) is less than a specified threshold τ CVE , e.g., 99%, set k = k + 1 and repeat from Step 2. Here, the CVE by the first k FSC components is defined as
5) End:
Output the optimum number of sites k * , the CVE vector v c , defined as
and the prioritized list of metrology sites I FSC .
The final number of metrology sites k * selected by FSCA is bounded in the range
where φ PCA is the number of principal components (PCs) needed to exceed the specified CVE threshold τ CVE . This threshold should be chosen taking into account the signal-tonoise ratio (SNR) of the metrology data. When the SNR is not known, analysis of the CVE trend (Scree plot) for a PCA analysis of the data can be used to estimate an appropriate threshold [8] . The PCA lower bound φ PCA follows from the fact that PCA yields the linear combination of the variables that maximizes the observed variance; hence, any linear combination of a subset of these variables, as provided by FSCA, can only approach, but never exceed this optimum [16] .
It should be noted that FSCA is not guaranteed to identify the optimum solution for a given problem. Determining the subset of columns from X that best represents X is an NP hard problem and not tractable for large V [6] . In this context, FSCA represents a pragmatic compromise, which although not guaranteed to be optimal, consistently yields good results at an acceptable computational cost.
B. Wafer Profile Reconstruction
In general, the reduced set of measurements identified using FSCA is insufficient to accurately reconstruct the 3-D profile of a wafer surface using interpolation techniques such as biharmonic spline interpolation [19] . However, as demonstrated in [15] , unmeasured sites can be estimated using linear regression models, hereafter referred to as wafer metrology reconstruction (WMR) models, enabling accurate reconstructions to be achieved. The WMR models, which employ the measured sites as regressors, are trained using the historical metrology data. Specifically, denoting
x FSC ∈ R 1×k * as the measurements from the FSCA selected sites for a given wafer, the unmeasured sites x u ∈ R 1× (V −k * ) can be estimated using a linear regression model
where
is the matrix of regression coefficients. Given historical metrology data X, partitioned into X FSC ∈ R N×k * (metrology sites) and X u ∈ R N× (V −k * ) (unmeasured sites), that is, X FSC = {x i |i ∈ I FSC } and X u = {x i |i ∈ I/I FSC } β is computed as the least squares estimate
and 1 is a column vector of ones of appropriate length.
III. DYNAMIC SAMPLING
The basic assumption of the data-driven wafer site selection methodologies, as presented here, is that the historical data used to select the optimum sites and train the WMR models capture the full range of process behavior. As such, one concern with implementing a fixed sampling plan with a reduced set of sites is that previously unseen spatially localized process behavior may go undetected. This risk can be mitigated by employing a dynamic sampling plan that measures a different subset of locations on each wafer, such that all candidate measurement sites are visited periodically. Depending on the sampling algorithm design, the periodicity may be different for different sites; hence, defining the "site sampling interval" as the number of wafers processed without a given site being measured (i.e., a value that is one less than the site sampling rate), we introduce the metric maximum site sampling interval (MSSI), to define the largest sampling interval among all sites. MSSI is defined in this way so that MSSI = 0 when all sites are measured on each wafer, and MSSI = ∞ if a site is never measured. Hence, MSSI takes a value in the range [0 ∞].
The underlying requirement for detectability is that any new process behavior that appears must persist beyond the MSSI of the sampling method. Otherwise, it is not guaranteed to be detected. Obviously, this implies that up to MSSI wafers may be processed before the abnormal behavior is detected. Hence, it is desirable to keep the MSSI as low as possible.
Since the FSCA selected sites are the optimum subset of sites to measure for accurate reconstruction of the wafer profile, any deviation from this will lead to diminished performance. The challenge, therefore, is to have a dynamic sampling plan with low MSSI that minimizes the impact on wafer profile reconstruction accuracy. This can be achieved as follows.
Given V sites, with V m measured and V u estimated virtually, we cluster all unmeasured sites around the V m measured sites based on similarity. The simplest approach to assessing similarity is to evaluate the correlation between sites. Denoting I m = I FSC by the index set for measured sites, I u = I/I FSC by the index set for unmeasured sites, and I m [k] by the kth element of I m , the clusters are defined as
with
Dynamic sampling is then performed by sequentially selecting one site from each of the V m clusters,
. . , C V m }, at each process iteration. Hence, at the tth process iteration, the sampling plan is
In this way, each site is guaranteed to be visited at least once every max k (card(C k )) wafers. An alternative cluster assignment strategy, which is computationally much more expensive to determine, is to assign each unmeasured site to the FSCA cluster where it has the least impact on prediction performance (as defined below) when used instead of the FSCA site for that cluster.
With reference to (5) and (6), the FSCA estimate of unmeasured sites for all N wafers in data set X can be expressed asX
and the prediction for all V sites is given bŷ
DefiningX as a matrix with column entries equal to the mean of the corresponding columns of X, that is,
the normalized mean-squared error (NMSE) over all sites and all wafers can be expressed as
Finally, denoting X
(i)
FSC (x) by matrix X FSC with its i th column replaced by x, the optimal clusters can be defined as
A consequence of dynamic sampling is that the regressors for the WMR models change at each process iteration, and hence new models need to be computed as follows. Denoting x DS (t) as the dynamically measured sites at process iteration t defined by I DS (t), and partitioning the historical data matrix
where β is computed as in (6), but with X FSC replaced by
. The overall FSCA clustering-based sequential dynamic sampling (SDS) methodology, which consists of an offline training phase followed by an online sampling and virtual metrology phase, is summarized in Algorithm 1.
Algorithm 1: FSCA Clustering-Based SDS
Offline:
Online (at process iteration t):
Data: X, C, t
IV. CASE STUDIES This section introduces three cases studies, which will be used to investigate and demonstrate the effectiveness of the proposed SDS methodology.
Case study 1 (Industrial) : This consists of wafer metrology data for a process used in read-write head formation within disk drive semiconductor manufacturing. This data set was collected over several weeks from a single production tool for the process in question using a static 50-site measurement plan (V = 50), yielding a data set consisting of metrology for N = 316 wafers of different product types. For confidentiality reasons, the data have been normalized. Fig. 1 shows four sample wafer profiles from this data set. As can be seen, the process exhibits substantial variation with regard to the shape of the wafer profiles produced.
Case study 2 [Radial Basis Function (RBF)]:
In this case study, wafer profiles are simulated as sums of randomly generated Gaussian RBFs defined on the unit radius disc centered on the origin, that is,
is the profile height at the coordinates (x, y), and ∼ N(0, 0.02) simulates measurement noise. The smoothness of the resulting wafer profiles is controlled by the number of RBFs (N g ) and the spread factor S f . In particular, S f can be adjusted to vary the spatial correlation of the variation occurring on the synthesized wafer surfaces. Fig. 2 (left) and (right) shows typical wafer profiles generated by the RBF model for N g = 100, S f = 0.3 and N g = 100, S f = 0.6, respectively.
Case study 3 (Zernike):
Here wafer profiles are generated based on randomly weighted combinations of Zernike polynomials. Zernike polynomials are an infinite set of orthonormal functions defined on a unit disk that are widely used in the field of optics to describe complex nonrotationally symmetric surfaces over a circular domain [3] . A finite set of Zernike polynomials is defined by the degree N and a function Z m n parameterized by two indices n and m, with n = 0, 1, . . . , N and m = −n, −n + 1, . . . , n − 1, n. For a given N, the generic Zernike polynomial is defined in polar coordinates as 
if (n −m) is even. For the case study, N = 7 giving a basis set of 36 Zernike polynomials, denoted by Z i , i = 1, 2, . . . , 36.
Wafer surfaces are then generated as
where 3i ) ). Fig. 3 shows typical wafer profiles generated by this model. 
V. EXPERIMENTAL RESULTS
A. Performance Evaluation
To provide a statistically robust evaluation of the performance of the various wafer sampling and profile reconstruction approaches Monte Carlo (MC) cross validation is employed [14] , [20] . Here the data set of N samples is randomly split into the following: 1) a training data set of q N samples (where 0 < q < 1) used to estimate the FSCA sites and construct the WMR models for the unmeasured sites; 2) a validation data set of (1 − q)N samples used to assess wafer profile reconstruction performance, as measured by the NMSE (see (15) ). This is repeated K times, each time with a different random split of the data, and the average and standard deviation of the reconstruction NMSE over the K repetitions used as performance metrics.
A second consideration with dynamic sampling is the frequency with which individual sites are visited (i.e., measured), as encapsulated by the MSSI metric. For static sampling approaches MSSI = ∞, while for dynamic sampling techniques, it is bounded below by V /V m − 1, a bound which is achieved when sites are distributed evenly across all clusters, i.e., clusters are balanced. Thus, a wafer observability index (WOI) can be defined as
for V m < V , to quantify the effectiveness of a given sampling algorithm in terms of providing wafer coverage with a given number measurements V m . WOI provides a normalized measure (%) of the MSSI performance of a given method with respect to the theoretical minimum MSSI achievable.
B. FSCA-Based Site Selection
The results of a PCA and FSCA analysis of the industrial metrology data set are summarized in Table I . The analysis reveals a very high level of redundancy in the measurement plan. With τ CVE set at 99%, there are only five significant modes of variation identified by PCA (φ PCA = 5) and this variation can be captured with as few as seven FSCA selected sites (k * = 7). Thus, using FSCA-based site selection, a sevenfold reduction in metrology (V /k * ) can be achieved for this process. Fig. 4 shows the average NMSE performance for K = 100 MC simulations of FSCA as a function of the number of measured sites (V m ). For comparison purposes, the performances of WMR models based on randomly selected metrology sites are also included. As expected, FSCA-based site selection strongly outperforms randomly selected sites. Fig. 5 shows a typical wafer profile reconstruction obtained using FSCA when k * = 7. The actual profile is displayed in Fig. 5 (left) and the estimate profile in Fig. 5 (right) . The circular black markers in the contour plots show the locations of the measured sites while the square markers are the locations of the unmeasured sites estimated using WMR. It may seem counterintuitive that linear WMR models yield such good performance in terms of profile reconstruction, since the profiles themselves are highly nonlinear; however, this is a misconception. The reason that the linear WMR models are effective is that they are not trying to reproduce the full nonlinear profile or explicitly consider the spatial coordinates; rather, they are tracking the relative changes from one site to another from the mean profile and these relative changes can be approximated to be linear (at least locally). As such, they can be adequately represented by linear models. The accuracy of the models, and hence ultimately the number of sites that need to be measured, is dictated by the level of spatial correlation across the wafer surface.
To illustrate the link between spatial correlation of wafer profile variation and metrology site selection, Fig. 6 shows the number of FSCA selected sites needed to achieve 99% wafer profile reconstruction accuracy as a function of the spread factor S f when using the RBF model (Case study 2). Results are presented for two different values of N g and the corresponding PCA lower bound is also plotted. The data set used for each S f , N g combination consisted of N = 500 randomly generated wafers sampled using a uniform sampling grid of 0.1 units. This yielded 317 candidate metrology sites per wafer, over which reconstruction accuracy was computed. As expected, as S f increases, fewer metrology sites are needed. A similar pattern is observed with the Zernike model (Case study 3) as the model order N is reduced. For example, when N = 6, k * = 13 and when N = 3, k * = 9.
C. Dynamic Sampling
To evaluate the performance of the correlation and NMSEbased FSCA clustering implementations of the proposed SDS methodology, MC simulations were performed for each of the three case studies. For the RBF and Zernike model case studies, 500 wafer data sets were generated, with the RBF and Zernike model parameters selected as S f = 0.6, N g = 100, and N = 7. For each MC run, V = 50 candidate metrology sites were randomly selected subject to the constraints that: 1) the Euclidean distance between any two sites was greater than or equal to 0.16 and 2) the distance between a site and the [Industrial] Average wafer profile reconstruction NMSE (K = 100 MC simulations) with a number of static and dynamic sampling approaches as a function of the number of measured sites. (The V m range is plotted over two intervals for clearer presentation of the differences between algorithms at lower NMSE levels.) edge of the unit disk was at least 0.07. The SDS algorithms were compared with the "static" random and "static" FSCA approaches and with the following: 1) "random dynamic sampling" (RDS) where wafer sites are ordered randomly then visited sequentially, V m sites at a time; 2) "conservative dynamic sampling" (CDS) where V m − 1 sites are fixed according to FSCA with only the V m th site selected dynamically in a similar fashion to RDS.
It should be noted that the "static" sampling approaches provide approximate upper and lower bounds on the performance achievable with dynamic sampling algorithms that seek to visit all sites over time. In particular, for statistically stationary processes, FSCA defines an approximate lower bound on the achievable NMSE, since by design dynamic sampling trades of reconstruction performance to obtain better wafer coverage temporally. It is not a precise lower bound since, as already noted, FSCA is not guaranteed to identify the optimal combination of V m sites.
Figs. 7-9 show the average wafer profile reconstruction NMSE (over K = 100 MC simulations) as a function of the number of measured sites for each sampling strategy, for the industrial, RBF, and Zernike case studies, respectively. To illustrate the MC variability, the average and standard deviation of the reconstruction NMSEs are also reported in Table II for the industrial case study, while Figs. 10 and 11 show the corresponding NMSE boxplots for each approach for V m = 4 and V m = 7, respectively.
It can be seen that static "random" sampling provides the worst NMSE performance of all methods while static FSCA achieves the best performance for all values of V m , and therefore, serve as bounds on the NMSE performance achievable with dynamic sampling.
There is little difference in average NMSE performance between random static sampling and RDS, but RDS exhibits substantially lower variability in performance. This is simply a consequence of the fact that static random sampling is much more sensitive to the impact of selecting good or bad site combinations that RDS which averages this effect out over multiple wafers.
In theory, SDS-NMSE should be superior to SDS-Corr, since it is specifically designed to form clusters based on minimizing the impact on reconstruction accuracy (i.e., a supervised learning algorithm), whereas SDS-Corr simply selects cluster members based on correlation between sites with no consideration of the overall objective of minimizing the NMSE (i.e., it is an unsupervised method). However, comparing the performance of the two SDS implementations, it can be seen that there is little to choose between them. Both implementations substantially outperform RDS and are only marginally inferior to CDS, the most conservative form of dynamically sampling. As expected, static FSCA yields the best NSME performance for a given number of measurement sites. However, SDS can in general achieve a similar level of accuracy by including one additional measurement per wafer. For example, with the optimum number of measurement sites (V m = 7), the average NMSE reconstruction error with static FSCA is 0.96%. In contrast, SDS-Corr yields an NMSE of 1.43%, but this drops to 1.01% when V m is increased to eight.
The average WOI performances of the four dynamic sampling algorithms (RDS, CDS, SDS-Corr, and SDS-NMSE) for the three case studies are plotted as a function of V m in Figs. 12-14 . The mean and standard deviation of WOI for each algorithm for the Industrial case study are also reported in Table III . Note that WOI is independent of the data in the case of RDS and CDS, and hence the WOI standard deviation is zero for these algorithms. By design, RDS achieves optimal wafer coverage (WOI=100%) and hence is the upper bound on the performance that can be achieved by other methods. While CDS yielded the best NMSE performance, it is the poorest algorithm in terms of wafer coverage with a WOI of less than 20% for V m ≥ 5. In contrast, the proposed SDS-Corr algorithm performs much better achieving WOI values of 70% or better for V m ≤ 5. Comparing SDS-Corr and SDS-NMSE reveals that in general the former produces a higher mean WOI and is more stable (smaller WOI variance) than the latter. Fig. 15 shows typical cluster assignments obtained with correlation and NMSE-based clustering for V m = 2, 4, 6, and 7 for the industrial case study. As can be seen, NMSE clusters are much less balanced than those obtained using correlation, hence the poorer WOI performance of SDS-NMSE.
Overall, considering both NMSE and WOI performance metrics, SDS-Corr provides the best all-round performance among the sampling techniques considered.
D. Detecting Previously Unseen Process Behavior
To demonstrate the effectiveness of SDS over static FSCA sampling, as a final example, we investigate their performance for the industrial case study where, following training on normal wafers, a previously unseen localized anomaly is introduced into the test wafers. Recall that the industrial data set is composed of N = 316 wafers, each measured at V = 50 locations. Using a seven-point measurement plan (i.e., V m = 7), 200 randomly selected wafers are used as a historical data set to train the static and dynamic sampling and wafer profile reconstruction methodologies described in the previous sections. The remaining 116 wafers are ordered randomly and modified to simulate the occurrence of a previously unseen persistent spatially localized production anomaly. The anomaly is generated by adding an RBF perturbation at a fixed random location on each wafer surface. The location is selected at random among the V candidate measurement sites and is the same location on all test wafers. The height h (n) and spread S (n) f of the perturbation for the nth wafer are drawn from the following normal distributions:
Starting from the first wafer in the test dataset, and proceeding sequentially through the wafers, the following anomaly detection procedure is run. 1) Using linear models derived from the training data set, each of the V m sites measured for the current wafer is estimated from the measured values of the other V m − 1 sites. 2) If the mismatch between the real and estimated measurement is too high, as defined by the 95% confidence intervals of the linear prediction model, an anomaly flag is raised. 3) If an anomaly is detected, signifying that previously unseen process behavior has been detected, wafer processing stops, and the wafer count until anomaly detection recorded; otherwise, processing proceeds to the next test wafer.
To generate statistically robust results, the above procedure was repeated K = 1000 times, that is, the experiment is repeated for 1000 different instances of the test data set, where each instance has a different random sequence of wafers and a different random anomaly location. The results obtained are reported in Table IV . This shows the anomaly detection rate (ρ D ), defined as the percentage of the 1000 repetitions in which the anomaly was detected, and the median (N D ) and mean (μ D ) wafer counts to anomaly detection, for each sampling method.
As expected, the random and FSCA static sampling methods perform poorly with detection rates of 29.7% and 43.8%, respectively. In contrast, the dynamic sampling strategies achieve a 100% detection rate, with the exception of CDS, It is interesting to note that SDSCorr is superior to SDS-NMSE, which in turn is substantially superior to CDS. This is consistent with the WOI performances of each method, as discussed in the previous section and plotted in Fig. 12 .
VI. CONCLUSION
A novel methodology and algorithms for dynamic spatial sampling and reconstruction of wafer profiles have been presented. The key elements of the methodology are FSCAbased site selection to eliminate measurement redundancy, WMR estimation of unmeasured sites to enable accurate profile reconstruction, and SDS of sites from FSCA clusters (formed by clustering unmeasured wafer sites around the FSCA selected sites) to mitigate the risk of missing previously unseen process behavior. By design, the proposed methodology can detect localized anomalies that persist over several runs (greater than the MSSI) and anomalies whose extent is such that they impact on neighboring sites that are being measured. Significantly, detection of the former class of anomaly is not guaranteed by traditional static sampling plans.
Two variations of SDS were considered, one employing correlation-based clustering and the other NMSE-based clustering. Results from both practical and simulated case studies have shown that while both approaches provide similar wafer reconstruction accuracy, the former is preferred by virtue of its superior wafer coverage and substantially lower algorithm computational complexity. The effectiveness of SDS in providing good wafer coverage (as measured by the WOI metric) with minimal degradation in wafer reconstruction accuracy has also been demonstrated through comparisons with a number of static and dynamic sampling alternatives including static FSCA, the optimal NMSE wafer reconstruction benchmark, and RDS, the optimal wafer coverage benchmark.
The fundamental requirement when applying the FSCAbased methodology is that the training data set X used to optimize the FSCA sites and clusters, and estimate the WPR models, must be representative of the spatial correlation (exhibited across the wafer surface) and the production variability over time that will be encountered going forward. The industrial case study presented in this paper was for wafers corresponding to several different products/recipes processed through a single chamber. The resulting variability in wafer profiles (see Fig. 1 ) did not present an issue for WPR and DS performance. If wafers come from more than one chamber, there is no guarantee that this will be the case if the data set does not contain data from each chamber. For optimum performance, training of bespoke models for each chamber is likely to be needed if there is significant chamber mismatch.
A number of avenues exist for future research. In SDS, sites are sequentially selected in random order within each cluster independently of the selections made in other clusters. Therefore, the possibility exists of sites in close proximity, but residing in different clusters, being selected simultaneously, potentially leading to reduced wafer profile reconstruction performance. While our experimental studies have not shown this to be a major concern in terms of performance, an interesting question is how to coordinate the selection of sites across clusters to maximize reconstruction accuracy. A further challenging task is to develop an approach to updating the WMR models online with the incomplete data that arise with dynamic sampling. Finally, it would be of interest to evaluate to what extent wafer profile reconstruction accuracy can be enhanced by incorporating production/process variables into the proposed WMR approach.
